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Abstract 
The promise of the EVs is twofold. First, rejuvenating a transport sector that still heavily depends on fossil 
fuels and second, integrating intermittent renewable energies into the power mix. However, it is still not 
clear how electricity networks will cope with the predicted increase in EVs and their charging demand, 
especially in combination with conventional energy demand. This paper proposes a methodology which 
allows to predict the impact of EV charging behavior on the distribution grid (DG). Moreover, this model 
simulates the driving and charging behavior of heterogeneous EV drivers which differ in their mobility 
pattern, decision-making heuristics and charging strategies. The simulations show that uncoordinated 
charging results in charging load clustering. In contrast, decentralized coordination allows to fill the valleys 
of the conventional load curve and to integrate EVs without the need of a costly expansion of the DG. 
Keywords 
Electric vehicles charging, agent-based modelling, decentralized decision-making. 
Introduction 
Power generation and the transport sector account for over 60% of the global primary energy demand (IEA 
2019), which is why both are crucial to meet carbon dioxide reduction goals. The two sectors are 
interrelated, since the electrification of individual mobility plays a central role in decarbonizing the 
transport sector. At the same time, the power systems are challenged by the integration of renewable energy 
sources (RES) (Flath et al. 2014). The decarbonization of individual mobility requires a large-scale adoption 
of electric vehicles (EVs), which also promise to facilitate the integration of intermittent RES into the DG. 
This is a research question on its own which we do not address in our paper. However, the expected EV 
uptake will also cause an increase in electricity demand in the distribution grid and may pose a threat to the 
power system’s stability. Moreover, uncoordinated EV charging demand can lead to new power demand 
peaks and entail an increasing risk of power losses, voltage deviations and network congestions (Hu et al. 
2016). One solution to overcome these potential risks associated to the large-scale adoption of EVs is to 
solve the capacity problem by using control strategies which allow to (in-)directly trigger a certain charging 
behavior. Since charging loads are shiftable, such control strategies offer a balancing capacity for the 
intermittent RES (Hu et al. 2016).  
Although charging strategies have already been studied in literature, there is a lack of practical 
implementation with respect to network control, charging stations load coordination or charging strategies 
for EVs. Even though previous studies have shown that coordinated EV charging is beneficial to the DG 
compared to uncoordinated EV charging, most of the proposed coordination mechanisms are not realizable, 
given the current technological standards. This raises the question of how the grid copes with an increasing 
uncoordinated EV fleet. Consequently, we want to understand the newly arising driving and charging 
behavior of EV drivers as individuals and the resulting collective, emerging behavior. Individual charging 
behavior can either follow an uncoordinated or a (decentralized) coordinated strategy. Whereas the former 
refers to a charging behavior in which the individual charges upon arrival at home, the latter involves some 
measure of intelligent control over the charging of the EV (Richardson 2013).  
We are interested in the charging behaviors’ impact on the grid based on empirically derived social, 
behavioral and technical variables. Thus, we pose the following research questions: ‘How does the result of 
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uncoordinated charging behavior differ from the outcome of decentralized coordinated charging 
behavior?’ and ‘What is the impact on the DG in the light of an increasing number of EV drivers in a grid 
segment assuming that EV drivers pursue a certain charging behavior?’. Based on our assessment we 
derive conclusions for different stakeholders. 
The paper is organized as follows: the following section presents a brief overview of the key literature with 
regards to the EV driving and charging behavior and its impact on the DG. Thereafter, the section ‘EV 
Model’ describes the EV charging model along with details of each charging strategy. The second to last 
section presents and discusses the obtained simulation results. Conclusions are drawn in the last section. 
Electric Vehicles and their Charging Behavior 
EV driving, and subsequently the charging behavior, differs from that of internal combustion engine 
vehicles (ICEVs). Such a behavior is mainly assessed using panel studies (such as Ecke et al. 2019) and field 
tests (such as Morrissey et al. 2016). In addition to uncovering patterns in the driving and charging behavior 
of EV drivers, other studies aim to understand the psychological dynamic underlying their behavior. Major 
factors influencing the mobility and charging pattern are range anxiety (Franke and Krems 2013), charging 
costs and time (Jabeen et al. 2013). Speidel and Bräunl (2014) point out that EV drivers charge more than 
what is needed for their next trip in order to overcome their range anxiety.  
The impact of (un-)coordinated charging behavior on the DG 
Besides the sheer understanding of the driving and charging behavior of EVs, we want to assess the EV 
charging demand on the DG. If an EV driver pursues an uncoordinated charging strategy, it charges 
immediately upon arrival at a specified destination. Such a charging behavior poses a threat to the stability 
and reliability of the distribution grid for two reasons: First, it results in a volatile energy demand over the 
course of a week, as the charging demand is temporally and spatially clustered. Since the EV charging 
demand coincides with commuter traffic, charging events around these peak times are especially crucial to 
the stability and reliability of the distribution grid (Flath et al. 2014). Moreover, since preparing an 
upcoming trip or filling the battery after the completion of a trip usually takes place at home, mainly 
residential low-level distribution grids are affected by the predicted EV uptake. This finding, which 
underlines the spatial clustering of uncoordinated EV charging demand, is further supported by Smart and 
Schey (2012), who state that more than 80% of all charging events take place at home. Second, as the EV 
charging curve correlates with the conventional (non EV-related) load curve, it amplifies the preexisting 
peaks in energy demand caused by the conventional energy demand (Quiros-Tortos et al. 2015). 
Concluding, researchers agree that the EV uptake in an uncoordinated charging scenario increases peak 
loads and thereby the volatility of the energy demand. This will decrease the efficiency of the grid utilization 
and eventually reinforce negative environmental effects (Morrissey et al. 2016).  
As described in the paragraph before, different studies predict that uncoordinated charging has a negative 
effect on the peak loads. However, multiple studies suggest that the large-scale deployment of EVs have 
limited, if any, negative impacts on the DGs if a coordinated charging approach is used. Coordinated 
charging refers to a behavior that involves some measure of intelligent control over the charging of the EV 
(Richardson 2013). This implies that EV drivers respond to different triggers such as the overall electricity 
demand, the electricity price or some other metric. Coordination attempts can further be classified into 
centralized or decentralized. When coordination is decentralized, each individual agent determines when 
and how to act, which tasks to perform and what resources to use. In contrast, when it comes to centralized 
coordination, there is a single agent that determines the behavior of the individual agents. The model 
presented in this paper focuses on decentralized coordination. We have chosen this design on purpose, 
since we are interested in assessing the impact of the EV charging behavior of the individual EV driver and 
not of an aggregator that takes the charging decision on behalf of the individual agents. Throughout 
literature pertaining decentralized charging, energy prices are the main measure of coordination. The 
model by Hu et al. (2016) uses a multi-agent system with a hierarchical management structure, integrating 
EVs into the power distribution systems. Here, four agent types, including the distribution system operator 
(DSO) and the EV driver, negotiate with one another in order to achieve an optimized global performance 
by increasing its individual utility or decreasing its individual costs. Similarly, Daina et al. (2017) use a 
random utility model for joint EV drivers’ activity travel scheduling and charging choices. As with the 
previous study, the individual agent’s goal is to maximize its own utility by optimizing its charging choices 
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and hence, charging behavior. Such an optimization is achieved by maximizing the target energy and 
minimizing the charging time and costs. The aforementioned modelling approaches use deterministic 
parametrization. Thus, mobility and charging patterns are mostly predetermined. However, in order to 
account for ad-hoc driving and charging decisions and hence, uncertainty and non-linear interactions, a 
different modelling approach is common. Olivella-Rosell et al. (2015) for instance propose a probabilistic 
agent-based model (ABM) of EV charging demand, which allows to account more realistically for 
uncertainty related to the real behavior of EV drivers. This uncertainty is further analyzed by comparing 
controlled and uncoordinated charging in four different scenarios. The authors conclude that with 
uncoordinated charging, the energy demand volatility is higher than if direct or indirect control is executed 
over EV charges.  
In a nutshell, uncoordinated charging increases stress on the DG due spatial and temporal load clustering, 
which results in higher peak demand and a less efficient grid utilization. In contrast, coordinated charging 
allows to realize the intended positive environmental effects of EVs. Moreover, charging loads can be shifted 
to even out the peaks of conventional energy demand. Hence, it is possible to soften the volatility of the 
aggregated energy demand and integrate EVs in the grid without the need of additional investments in 
power generation and grid capacity. 
Heterogeneous stakeholders of the DG pursue different goals 
The DG is composed by a plethora of agents which differ in their behavior and goals. To answer our research 
questions, we identify three stakeholders and five system performance indicators (SPI) which allow us to 
evaluate the EV charging infrastructure from different angles (Table 1). The stakeholders are the 
municipalities, EV-drivers and distribution system operators (DSOs). The SPIs serve as evaluation criteria 
of the model throughout this paper and are subsequently used to compare the different model outputs. 
Stakeholder SPI  Reasoning 
Municipality 
SPI(I): Amount of 
kWh charged 
Since municipalities aim at improving the climate and air 
quality, an increase in the number of EVs and their amount 
charged is desired and tantamount to achieving this goal. 
EV-Drivers 
SPI(II): Charging costs 
per charging attempt 
EV drivers optimize their charging behavior in terms of charging 
costs, that is, to charge at times when the energy price is low. 
SPI(III): Utility per 
charging attempt 
EV drivers take charging decisions in the light of the next trip. 
The decision whether to charge or not heavily depends on the 
amount of energy needed for the next trip. Hence, the amount 
of energy charged and the price paid are the EV drivers’ primary 
variables of interest. Both are captured in an hourly utility index. 
DSOs 
SPI(IV): Number of 
system outages 
A DSO’s main responsibility is to enable the stability and 
functioning of the distribution grid. In the light of the predicted 
EV uptake, the system downtime or number of system outages 
represents a useful performance indicator for the DSO. 
SPI(V): Load shift 
potential 
DSOs prefer a charging behavior that behaves asynchronously 
to the conventional energy demand and thereby fills the valleys 
of the conventional load curve. If the additional amount of 
energy demanded by EVs occurs in the valleys of the 
conventional load curve, the system reliability can be 
maintained by simultaneously keeping system operating costs 
on the same level as without EVs. 
Table 1: Stakeholders of EV Charging Infrastructure and their Goals 
EV Model 
The goal of our EV model is to determine the impact of EV charging behavior on the DG. As such, this model 
allows to simulate the individuals’ driving and charging behavior, which is based on predetermined and fix 
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travel patterns and spontaneously emerging charging behavior. Ultimately, the results show how the impact 
of uncoordinated and coordinated charging strategies on the DG vary in the light of the predicted EV uptake. 
To account for the non-linear and emerging behavior of the individuals, the EV model is computed using 
an ABM and simulated using NetLogo (Wilensky 1999). This research method has been chosen since it 
allows to account for a large range of heterogeneous types of agents and their discontinuous behavior.  
The model has two types of entities: agents (i.e. EV drivers) and the environment (i.e. locations). The 
environment is divided into four different locations, namely home, work, underway and charging station. 
Researchers such as Flath et al. (2014) argue that load concentrations mostly occur in residential areas as 
hours of low energy prices coincide with times of EVs being parked at home. Therefore, we focus in this 
model on charging events that take place at home, since these represent the bottleneck of EV charging 
demand. Our model accounts for different types of agents or household types within a population. These 
household types are full- and half-time employees, apprentices, unemployed and pensioners. This attempt 
is the first in this context and hence, unique based on our knowledge. An agent is characterized by technical, 
social and behavioral attributes. It has a set of constant parameters such as EV model and household type, 
as well as variable parameters of mobility. A bottom-up approach has been followed to define the variables. 
Thus, each EV driver is considered individually by defining internal and external variables (Olivella-Rosell 
et al. 2015). Internal variables, including fix travel schedules and distances, an individual minimum state 
of charge (SOC) (based on Quiros-Tortos et al. 2015) and one determined charging strategy, are unique to 
each driver. In this model, neither the trip schedule nor the charging strategies are changed or improved 
during a simulation run. For simplicity reasons agents plan their charging demand for the next trip only. If 
they have not enough time to charge for the next round trip, we assume that they charge on a public charging 
station on the way and return back home with a SOC. External variables are common to all individuals such 
as the energy price or the charging mode. The main external variables are the energy price, grid capacity, 
battery capacity of the EVs, charging mode and the energy consumption per kilometer by an EV. The energy 
price is based on the EPEX SPOT market prices in Germany in 2018. The grid capacity has been set to 100 
kW. Based on the 2018 Nissan Leaf, the battery capacity of the simulated EVs has been set to 24 kW. 
Throughout this model, only charging mode 1, according to the IEC standard 61851-1, is applied. According 
to this charging mode, the individuals can only charge 3.7 kW per hour. Ultimately, the energy consumption 
by an EV is fixed at a rate of 0.265 kW per kilometer. To assess the long-term impact on the DG, this model 
uses data from a longitudinal survey of the German mobility behavior (based on Ecke et al. 2019). According 
to these real-life observations, a pool of travel schedules was created and further broken down to a 
household-type specific level. Those travel schedules and distances realistically account for the probability 
distribution per household type in 2018 (see Figure 1). This is especially useful to model residential areas 
that differ in their population characteristics, making the model as realistic as possible. 
 
Figure 1: Work-related and Private Travel Pattern per Household Type 
The agents’ charging strategies 
The following paragraphs describe the model by discussing each charging strategy. The charging strategies 
differ in the way that the agents determine their charging necessity, that is, the decision in every hour 
whether to charge or not. The charging strategies are divided into two categories, namely uncoordinated 
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and decentralized coordinated charging strategies. When pursuing one of the first three (uncoordinated) 
charging strategies, the agents take their charging decision with every iteration (i.e. every hour) during the 
simulation. In the latter two (coordinated) charging strategies however, agents plan their charging events 
according to their mobility pattern as they take their decision once in the beginning of the simulation.  
Of a total of five charging strategies, the simplest 
one is the Naïve charging strategy. It serves as a 
baseline to compare against the model outputs 
of other charging strategies. Uncoordinated 
Naïve charging is a charging mode that operates 
regardless of the status of the grid. Here, the 
agent charges whenever possible, that is, when 
he is at home. Building upon the baseline 
charging strategy, the following two 
uncoordinated charging strategies include more 
sophisticated decision-making heuristics. By 
pursuing the As Late As Possible (ALAP) 
charging strategy, the EV driver takes into 
consideration information about the next trip. 
By doing so, the required charging amount to 
enable the next trip is assured and only that 
amount is charged. The third charging strategy, 
also referred to as Limited Trip and Price 
Information (LTP) strategy, adds another layer 
to the decision-making process. Besides 
information about the next trip, it also 
incorporates information about electricity 
prices. By doing so, it is the first charging 
strategy that reacts on economic incentives. 
Consequently, the LTP strategy, which is based 
on Flath’s heuristic smart charging strategy 
(Flath et al. 2014), includes range anxiety and 
monetary incentives. The former refers to the 
drivers’ fear from EV range limitations. The LTP 
charging strategy accounts for range anxiety by 
introducing a minimum SOC, which triggers a 
charging activity when the current SOC falls short of this threshold. That means, the greater the range 
anxiety, the higher is the minimum SOC required by the individual. The monetary incentive is introduced 
by an individual price threshold. Figure 2 shows the different decision-making algorithms when agents 
pursue an uncoordinated charging strategy. 
The following two charging strategies take into consideration the behavior of other agents (see Figure 3 
below). Hence, they are decentralized coordinated charging strategies. In the Information Visibility (IV) 
charging strategy, the agents take their decision based on the travel schedules of the other agents. Here, a 
variable which is known to all EV agents is introduced, displaying the number of agents that are at home at 
a particular hour. As the likelihood of a high energy demand decreases with an elevated number of agents 
who are not at home, this variable is useful to determine the likelihood of a successful charging event. A 
successful charging event implies that the total EV charging demand is below the grid capacity, which in 
turn, increases the utility of the charging EV agents. Area pricing (AP) is the last charging strategy and is 
based on road pricing, where direct charges are imposed on road users based on factors such as road 
congestion. Similarly, in area pricing a flexible energy price is introduced, which updates the charging prices 
dynamically via a surcharge based on the charging activity of the agents. That surcharge allows to account 
for the marginal cost increase, which is based on the difference between social costs and energy prices. The 
former refers to the increasing risk of system outages or the increased infrastructure wear due to additional 
grid utilization (Flath et al. 2014). The more charging activities take place in the same hour, the higher the 
energy price for others to charge in that hour. By doing so, this decentralized coordinated charging strategy 
accounts for spatial load clustering. Hence, after an agent has made a charging decision, the area-adjusted 
 
Figure 2: Decision-Making Algorithm for  
Uncoordinated Charging Strategies 
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price for that hour is updated to account for the increase in charging activity. By introducing this dynamic 
price based on the energy demand in a particular hour, the agents are incentivized to charge at times where 
the overall demand is low. Hence, peaks are reduced, valleys are filled and load clustering is mitigated. 
 
Figure 3: Decision-Making Algorithm for Coordinated Charging Strategies 
Results and Discussion 
We modelled the behavior of 8,750 agents in a total of 100 simulations. Each of the five strategies has been 
simulated five times for each set of agents (50, 75, 100 and 125). Every simulation lasts for 168 time steps, 
where one time step represents one hour and the model therefore simulates the charging behavior over the 
course of one week. The household types were distributed according to Ecke et al. (2019). Subsequently, 
full-time employees accounted for 38% of all agents, half-time employees for 16%, apprentices for 10%, 
unemployed for 6% and pensioners for 30%. Based on those 100 simulations, the model output includes 
values for all five SPIs and the EV charging demand over the course of one week. Figure 4 presents the 
results of the EV model in form of the SPIs for each combination of charging strategies and set of agents. 
Based on the comparison of uncoordinated and decentralized coordinated charging strategies, it is possible 
to answer the first question. We answer the second question comparing the model outputs for n = 50 and n 
= 125. By doing so, the capability of each strategy to cope with the predicted EV uptake can be assessed. 
Impact of EV Charging on the Distribution Grid 
Americas Conference on Information Systems 7 
Uncoordinated EV charging behavior poses challenges to the grid and its capacity 
In each hour, the average energy demand in the Naïve charging 
scenario amounts to about 20 kWh and 57 kWh with n = 50 and 
n = 125 respectively. The average price per kWh amounts to 30.6 
cents and 30.7 cents. The obtained utility, which is based on the 
energy price and the amount charged, amounts to almost 80% 
with 50 agents and decreases rapidly to about 62% with 125 
agents. In contrast to the previous two SPIs which look at the 
system performance from an individual level, the next two pursue 
a more electricity-grid oriented approach. In the Naïve charging 
scenario, results show no system outage per simulation with 50 
agents but about 37 outages when the number of agents is 
increased by 150%. The LSP amounts to 47% and 52%. Whereas 
the results from the LTP charging strategy resemble those of the 
baseline, the ones from the ALAP charging strategy do not. This 
differentiation can be explained by comparing the main goals of 
the agents within both strategies. The main goal of the ALAP 
strategy is to only charge the amount of energy necessary for the 
next trip. Pursuing an LTP charging strategy, agents charge not 
only the required amount for the next trip but also generate a 
buffer in the battery level. Compared to the baseline scenario, 
agents charge a similar amount of kW per hour (SPI(I)) and have 
a similar utility per charging attempt (SPI(II)) when pursuing the 
LTP charging strategy. Moreover, results show that the number 
of system outages (SPI(IV)) and the LSP (SPI(V)) are equal to the 
results from the baseline scenario. This is due to the similarity 
between both, the Naïve and the LTP charging strategy. These 
observations are reversed when it comes to the results from the 
ALAP strategy. Here, less energy per hour is charged at a lower 
price. The utility per charging attempt as well as the LSP are 
increased, while the number of system outages is reduced by two 
thirds. 
Coordinated charging behavior mitigates load 
clustering and uses the grid’s capacity efficiently 
Both decentralized coordinated charging strategies show a 
positive impact on the DG in four out of five SPIs. The only SPI 
that does not show a positive development is the one which is of 
interest to the municipalities, namely the average amount 
charged (SPI(I)). Here, the average decreases by more than 50% 
in both coordination attempts. This is due to the fact that in both 
decentralized coordination attempts, only the amount of energy 
needed for the next trip is charged. The other metrics however 
show a significant improvement in terms of the average charging 
costs (SPI(II)), the utility per charging attempt (SPI(III)), the 
number of system outages (SPI(IV)) and the LSP (SPI(V)). Taking a 
closer look at SPI(II), it can be stated that the amount of reduction 
in charging costs varies. In the scenario for 50 agents, the average 
charging costs decrease by about 10% in the IV scenario and 
about 20% in the AP scenario. However, while average charging 
prices decrease in the IV scenario when further increasing the number of agents in the simulation, the 
average charging prices increase in the AP scenario. We conclude that this difference is based on the design 
of both strategies. In the IV scenario, the charging prices remain constant even though many agents decide 
to charge simultaneously in the same hour. However, this is not the case in the AP scenario. Here, prices 
are dynamic (or area-adjusted), as they reflect the load concentration in each hour and increase charging 
 
 
 
 
 
 
Figure 4: Results of EV Model 
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prices accordingly. Other important figures are related to those SPIs that are of interest to the DSO, namely 
the number of system outages and the LSP. In case of the IV scenario, agents decide to charge based on the 
work- and travel schedule of the other agents. This is a static, one-time information that is determined in 
the beginning of the simulation and allows to take a decision with regards to the potential aggregated 
charging demand in every hour. Since the charging decision of all agents happens simultaneously, it can 
occur that all agents independently decide to charge in the same hour. Whereas both, the IV and the baseline 
scenario, do not cause any system outages with 50 agents, the IV scenario outperforms the baseline scenario 
with 125 agents. Here, the IV scenario causes 6.6 outages per simulation (i.e. per week), while the baseline 
scenario causes almost six times as many system outages. In contrast to the IV approach, the information 
base in the AP approach is dynamic and phased. That is, the information on the energy price and 
subsequently the charging costs are updated with every agent that decides to charge in a particular hour. 
By doing so, the agent always opts for the cheapest price. Moreover, the cheapest price changes according 
to the charging demand in that hour, which is why the energy demand is evenly distributed. This is also the 
reason why this charging scenario is the only one where there is no system outage at all. Additionally, the 
utility is the highest among all strategies. Another crucial improvement compared to the baseline and 
uncoordinated charging strategies is the impact of the decentralized coordination on the LSP. Results show 
that the LSP of the baseline scenario amounts to 47% compared to 85% and 79% in the IV and AP scenario 
respectively with 50 agents each. When 125 agents are simulated, the values change to 52%, 85% and 69% 
respectively. Therefore, they charge asynchronously to the conventional load curves and can thereby fill the 
valleys between the peaks of conventional energy demand. This can be seen in Figure 5 which compares the 
conventional load curve (represented by the black line which refers to the primary axis) to the EV charging 
demand (secondary axis) of the different charging strategies (represented by the colored areas). In line with 
the overall improvement in terms of the SPIs, the two decentralized coordinated charging scenarios show a 
positive impact on the maximum number of EVs per grid segment, which amounts to up to 75 drivers in the 
IV scenario and more than 125 in the AP scenario. 
 
Figure 5. EV Load Curve for each Charging Strategy (n = 100) 
Coming back to our research questions, we can conclude the following: First, (decentralized) coordinated 
charging behavior has a more positive impact on the DG in terms of charging costs, the drivers’ utility, 
number of system outages and load shift potential. Subsequently, we argue that coordinated charging 
strategies allow to account for intermittent RES and integrate a large EV fleet without the need of a cost-
intensive grid expansion. Second, our model shows that decentralized charging strategies are well suited to 
cope with the predicted EV uptake. However, given the current limited technological capabilities with 
regards to incorporating coordination mechanisms, such decentralized charging strategies are difficult to 
implement in the short-term. Thus, our model can help decision makers and stakeholders in the sector to 
develop investment strategies for IS to increase coordination to avoid grid expansion.  
How municipalities, EV drivers and DSOs can maximize their utility 
Municipalities are interested in the total amount of energy charged in a grid segment. This magnitude 
depends on the number of EVs that can coexist in a grid segment without causing a system outage (SPI(IV)) 
as well as the average charging demand (SPI(I)) for that specific number of EVs. By multiplying both 
numbers, the total amount of energy charged within a grid segment can be derived. Ultimately, this number 
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can be inferred to the whole area of the municipality. According to our model results, the maximum amount 
charged totals to 900 kWh with LTP, 1000 kWh with Naïve, 1050 kWh with IV, 1425 kWh with ALAP and 
2875 kWh with AP charging. Hence, enabling decentralized charging strategies (information visibility or an 
area-adjusted price) by providing information on the electricity price can increase the amount of EVs and 
ultimately the total amount of energy charged in a grid segment.  
As stated before, the EV driver is interested in the charging costs (SPI(II)) and the utility (SPI(III)). Charging 
costs are lowest for EV drivers that pursue either a LTP, IV or AP charging strategy. Since price incentives 
are only given in those three strategies, it implies that EV drivers should charge according to such price 
incentives. Similar to the area-adjusted price in the AP charging strategy, Real-Time Pricing (RTP) is a 
pricing strategy that reflects the current energy demand. Nevertheless, if such a tariff is offered, the EV 
driver could profit from opting for such a flexible tariff. Especially, those individuals pertaining to the non-
working class could exploit the benefits of such a demand response mechanism, since they are not bound 
to fixed working hours. The results of SPI(III) show that decentralized charging strategies result in the 
highest individual utility as these strategies allow to exploit network effects. Such network effects can be 
leveraged by either sharing information about when an EV driver is at home or not (IV strategy) or opting 
for a RTP electricity tariff (AP strategy). Besides the SPIs, the decision heuristics are also important to 
analyze. Especially the range anxiety is a factor that significantly influences the individual’s decision 
whether to charge or not. This finding is important for EV drivers, as they run risk of charging irrationally, 
since drivers pay an energy price that moves proportionally with their individual range anxiety. The 
consequence is that EV drivers also charge at times where the energy price is higher than their individually 
perceived price threshold. Eventually, the drivers do not only charge at higher prices than normal, but also 
charge more energy in total.  
However, range anxiety does not only affect the individual EV driver but also the DSO. As stated before, 
individuals charge more often due to range anxiety, which eventually increases the total amount of energy 
charged. Therefore, the higher the range anxiety, the higher the likelihood of the grid capacity’s need to be 
extended. Such an extension requires additional investment from a DSO, which is why range anxiety should 
be alleviated. This can be achieved by deploying a more extensive charging infrastructure. Here, the private 
charging infrastructure should be extended by further public or semi-private charging stations. If the 
charging infrastructure does not only allow EV drivers to charge at home, but also on the way to and at 
work, the charging demand can be distributed more evenly over the course of time. Thus, load clustering 
can be mitigated, meaning that peaks in energy demand, which lead to system outages, can be reduced or 
even avoided. Additionally, as described in the baseline scenario, agents charge according to convenience 
and therefore immediately upon their arrival at home. This increases pressure on the DG and leads to an 
increase in load clustering and system outages, which is reflected in the results of SPI(I) for the naïve 
charging strategy. Consequently, it is advisable for DSOs to create an architecture where convenience is 
kept but the charging demand is not fixed to a few hours a day. In contrast, charging demand should be 
used as shiftable load so that it can even out the aggregated energy demand (i.e. valley-filling). One possible 
solution is an approach which allows communication between the EV and the grid (which already is being 
tested with the ISO-15118 communication protocol). Such communication enables an EV to automatically 
react to dynamic energy prices (which might also be formed according to an area-adjusted price), with the 
goal of decreasing charging costs (SPI(II)) and of evenly distributing the charging demand (SPI(V)). This 
enables to decrease the peak loads by exploiting the flexibility of the dispatchable charging loads.  
The presented model is based on several assumptions, which also pose limitations to its application and 
interpretation. One limitation is that there is only one charging strategy per simulation, which is then 
applied by all agents simultaneously. It would be interesting to see how the model results change if a mix of 
charging strategies is applied. Another approach would be to create a model that allows agents to not only 
use one predetermined charging strategy throughout an entire simulation, but to change their strategy 
based on learning from its previous behavior or from predicting its future utility. A second limitation is 
based on the EV model. The same EV model and the same vehicle characteristics have been applied to all 
agents. A more extensive set of EV models could further increase the degree of reality of this model. 
Conclusion 
In this paper, we analyzed the impact of the predicted EV uptake on the DG by simulating the driving and 
charging behavior of individual EV drivers in different household groups. Uncoordinated charging differs 
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in its impact on the DG from that of decentralized coordinated charging behavior. Looking at the individual 
charging behavior, we can conclude that less energy is charged at a lower price. However, since individuals 
pursuing a decentralized coordinated charging strategy take into consideration the behavior of its 
neighbors, we can conclude that the energy demand is spread more evenly over the course of one week. This 
in turn allows to even out the peaks of the conventional energy demand. Additionally, load clustering, which 
is inherent to uncoordinated charging, can be reduced or even avoided which facilitates the integration of 
more EVs within the same grid segment. This is especially important in the light of the predicted EV uptake. 
However, the technological feasibility of implementing mechanisms that allow for such coordinated 
charging behaviors are not yet suitable for daily mass use. Now, it is up to the different stakeholders such 
as municipalities, the drivers themselves and the DSOs to realize the potentials that are inherent to the EV 
charging behavior.  
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